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 
Abstract — In Turkey the increasing tension, due to the 
presence of 3.4 million Syrian refugees, demands the formulation 
of effective integration policies. Moreover, their design requires 
tools aimed at understanding the integration of refugees despite 
the complexity of this phenomenon.  
In this work, we propose a set of metrics aimed at providing 
insights and assessing the integration of Syrians refugees, by 
analyzing a real-world Call Details Records (CDRs) dataset 
including calls from refugees and locals in Turkey throughout 
2017. Specifically, we exploit the similarity between refugees’ and 
locals’ spatial and temporal behaviors, in terms of 
communication and mobility in order to assess integration 
dynamics. 
Together with the already known methods for data analysis, 
we use a novel computational approach to analyze spatio-
temporal patterns: Computational Stigmergy, a bio-inspired 
scalar and temporal aggregation of samples. Computational 
Stigmergy associates each sample to a virtual pheromone deposit 
(mark). Marks in spatiotemporal proximity are aggregated into 
functional structures called trails, which summarize the 
spatiotemporal patterns in data and allows computing the 
similarity between different patterns. 
According to our results, collective mobility and behavioral 
similarity with locals have great potential as measures of 
integration, since they are: (i) correlated with the amount of 
interaction with locals; (ii) an effective proxy for refugee's 
economic capacity, thus refugee's potential employment; and (iii) 
able to capture events that may disrupt the integration 
phenomena, such as social tensions. 
 
Index Terms — Computational Stigmergy, Social Integration, 
Mobility, Segregation, Unemployment, Refugee. 
 
I. INTRODUCTION 
 N the context of Syrian civil war, Turkey provides 
protection to over three million refugees [1]. Most of them 
were accepted in the early phase of the Syrian civil war when 
Turkey adopted an “open door” policy, i.e. do not ask for 
burden sharing, and avoiding the securitization of refugees. By 
means of this choice, Turkey was proving its role as a pivotal 
state in the Middle East, by actively contributing to the 
solution of humanitarian and political problems [2]. However, 
the “open door” policy was eventually revised, with a specific 
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emphasis on internalization, burden-share, and camps within 
the border of Syria. In [2] such transition is associated with the 
concerns on the economic burden, the border security, the 
isolation in the international community, and the realization of 
false assumptions about the length of the crisis. 
Indeed, in spite of the change of policy, the magnitude and 
the duration of the humanitarian crisis are resulting in an 
increasing tension in the local Turkish communities against 
the refugees. During the last years, many attempts to properly 
handle this situation have been done. The last one was the EU-
Turkey deal, described by Amnesty International [3] as ‘a 
disaster’. Thus, in order to prevent the growing of societal 
tensions over Syrian refugees, it urges the formulation of an 
effective long-term integration policy [4] [5]. 
However, the formulation of an effective policy demands 
tools for evaluating and understanding the integration of 
refugees. In this context, great benefits can be provided by 
complementing the paper-and-pencil surveys, the interviews, 
and the focus groups with big data-driven indicators [6] [7]. 
As an example, authors in [8] proposed a data-driven approach 
resulting in a significant improvement of refugees’ integration.  
Among the many possible sources of data on human 
behavior, great potential is offered by mobile phones [9], due 
to their wide penetration rate, i.e. 77% worldwide and 68% in 
developing countries [10]. Moreover, mobile phones can 
provide a variety of informative attributes, ranging from 
calling and texting activities to user’s locations. Among these, 
Call Detail Records (CDRs) are a type of data collected by 
mobile telecommunication service providers, containing for 
each call/text the time, the location, the duration and the IDs 
of the users involved. By processing them it is possible to 
improve our understanding of complex and fast-changing 
situations and even drive an effective response in a variety of 
contexts, such as epidemic crisis [11] [12], crowd control 
problems [13], public violence [14], or refugee crisis [15]. 
In this work we analyze CDR datasets [16] to unfold the 
conditions that can contribute to the integration of refugees by 
studying their calling behavior and mobility. To this end, we 
employ a novel computational technique aimed at unfolding 
and matching spatio-temporal patterns, i.e. Computational 
Stigmergy. As a final result, we propose a set of metrics able 
to support policy makers while measuring the effectiveness of 
their integration policies.  
In the following sections we present our approach and the 
results obtained by analyzing these data. In section 2 we 
present a literature review about the approaches based on 
mobility and behavioral analysis with a focus on the migratory 
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phenomena. In section 3 we describe the proposed approach, 
whereas in section 4 the experimental setup and the analyzed 
data are presented. The obtained results are discussed in 
section 5. Finally, we draw the conclusions of this study in 
section 6. 
II. RELATED WORKS 
Policy makers and humanitarian organizations have always 
relied on surveys to evaluate the effects of migrations and the 
effectiveness of migration policies. As an example, authors in 
[17] study the effect of the exposure to refugees on political 
outcomes in Hungary, by means of an approach based on 
surveys. As highlighted by the authors, the major limitation of 
such a method lies in the risk of biased answers since the 
surveys are self-reported and recorded after the crisis. Due to 
limitations like these, more and more studies are employing a 
big-data driven approaches [18]. As an example, in [19] 
authors exploit anonymized Facebook data to assess the 
assimilation of Arabic-speaking migrants in Germany by 
considering interests’ similarities between migrants and host 
population. In [20] authors analyze the effect of the inflows of 
Syrian refugees in Turkey on political elections. In spite of the 
polarized attitude towards refugees, the presented results 
suggest that the inflow of refugees slightly reduced the support 
for the pro-refugees party.  
In addition to a better understanding of migration effects, a 
data-driven approach can provide better insights into the 
effectiveness of migration policies. With such approach, 
authors in [21] were able to simulate the migration policies’ 
implementation, detecting some counter-intuitive effects, e.g. 
some restrictive policies do not reduce the migratory flows, 
whereas they simply increase the illegal ones. 
In this context, great potential has been shown by the 
analyses based on mobile phone data. As an example, these 
data are exploited in [22] to study how Syrian and Iraqi 
refugees used smartphones to reach and settle down in Turkey. 
In [23] authors use mobile phone data to assess the 
segregation of individuals according to their mobility in the 
urban area and their demographic characteristics. In contrast to 
assimilation theory, results show that the spatial behavior of 
the minority group has not become similar to that of the 
counterpart over generations.  
Clearly, in the analysis of the migration phenomenon as a 
whole, it is not possible to ignore its changes over time, both 
in terms of the behavior of migrants and in terms of the impact 
of the migration. Indeed, the change in the phenomenon, in the 
policies, and in the response of migrants to the policies can be 
difficult to ascertain from past observations [24]. For such 
cases, approaches that model the underlying processes by 
taking into account the migrants’ behavior over time are 
required. 
This is confirmed by a number of studies, in which the 
inclusion of behavioral analysis results in a significant 
improvement of the quality of the predictions. This is the case 
of [25] in which by modeling the behavior of an individual, 
both in space and time, the authors obtain an improvement of 
the prediction performance up to 49% with respect to the 
demographic models. Again, in [26] the analysis of 
individuals’ behavior over time is employed to detect events 
via mobile phone data. Authors conclude that the same 
analysis can be provided by addressing the mobility patterns in 
order to have a complete picture of the phenomenon.  
More specifically, some recent works have started 
analyzing migrations and interactions at the community level 
by exploiting people’s collective and individual mobility [27]. 
This is the case of [28] in which the authors employ geo-
referenced data for about 62,000 individuals to estimate a set 
of US internal migration flows. Again, in [29], researchers 
analyze the behavior of migrants from the Middle East and 
Northern Africa to Europe by considering their collective 
mobility and its evolution in time. They highlight that one of 
the main problems in their study is the scarcity of geo-tagged 
tweets, resulting in difficulties in unfolding refugees’ 
spatiotemporal patterns.   
In this context, mobile phone data can offer more potential 
[30]. By exploiting them, many approaches aimed  at 
analyzing human mobility can be derived [31]. At an 
individual level, authors in [32] achieved promising results in 
predicting individuals’ trajectories by analyzing their mobility 
entropy. Other measures used with individual mobility are net 
capacity [33], radius of gyration [34], longest common 
subsequence (LCSS), and Fréchet distance [35] to name a few. 
The interested readers can refer to [31] for an extended survey 
of these approaches. However, in this work, we address 
collective mobility (i.e. made by groups) rather than individual 
one. Of course, the latter can also be obtained by aggregating 
the results obtained with the former, e.g. via a clustering 
procedure. Still, using an approach designed for the analysis of 
group mobility can be more convenient as it avoids two 
modeling phases, i.e. individual’s mobility models and their 
aggregation to model the mobility of the group.  
The techniques aimed at addressing collective mobility can 
be grouped into 2 main classes [36]: gravity models and 
intervening opportunities models. The gravity model considers 
population and distance as incentives and costs in determining 
mobility. The intervening opportunities models introduce as 
an incentive to mobility the number of opportunities (e.g. 
places of interest) between the origin and the destination. As 
an example, authors in [37], employ a kernel density 
estimation approach to approximate the underlying data 
distribution and a gravity model that generates flow maps; 
however, this approach seems to be inappropriate for complex, 
recurrent and dense flow patterns.  
In general, these approaches (i) rely on origin-destination 
matrices, neglecting the dynamics occurring between the 
collective mobility patterns (e.g. temporal consistency, 
group’s cohesiveness or sparsity) and (ii) are affected by a 
poor representation of the temporal dynamics, often exploited 
as an additional dimension of the spatial mobility patterns 
[38]. In this work, both issues are addressed with an approach 
based on Computational Stigmergy [39], which intrinsically 
embodies the time domain and unfold spatiotemporal dense 
mobility patterns [40]. 
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III. PROPOSED APPROACH 
In order to assess the integration of refugees, it is essential 
to establish metrics able to capture this phenomenon. The 
metrics proposed in this work are based on the belief that 
integration is a process that allows the inclusion of an 
individual within a community through socialization and 
assimilation of practices and habits [41]. In other words, the 
integration of refugees could be measured according to the 
similarity of their behavior with the locals. 
We propose the following metrics with the aim of exploiting a 
CDR dataset to gain insights about the integration of refugees 
through their behavioral and mobility similarity with locals.  
 
Refugee's Interaction Level (IL), it is defined as the 
percentage of phone calls toward locals (calls𝑟⟶𝐿) made by a 
given refugee (r) in a given period of time. It represents how 
much the refugee is socially connected to the local community 
[10], i.e. 0 means no calls toward locals and 1 means only 
calls toward locals (see Eq. 1). Each level is defined as a range 
of 20% within this scale (i.e. 0-0.2, 0.2-0.4, 0.4-0.6, 0.6-0.8, 
0.8-1). In our work, as in other previous studies in this field 
[42], we consider the IL a solid metric for measuring 
individuals’ social integration.   
 
IL𝑟 =
|calls𝑟⟶𝐿|
|calls𝑟⟶𝐿|+|calls𝑟⟶𝑅| 
                         (1) 
 
Refugee's Calling Regularity (CR). We represent the 
individual’s daily calling behavior by considering the time 
series of the calls’ frequency (i.e. the calling pattern) made by 
each individual. Specifically, we build the calling pattern as 
the number of phone calls made by a person in a given hour of 
the day during a given period of time. We normalize this 
amount with the average number of calls per hour in order to 
be comparable despite the different amount of calls made by 
each person.  
In general the calling pattern may be due to several reasons, 
e.g. daily routines, habits, or working schedule. Even if it is 
not possible to determine which component has a predominant 
role in generating a specific calling pattern, we can assume 
that similar routines will most likely generate similar calling 
patterns. Moreover, routines’ similarity is often linked to 
integration [43] [44]. Thus, the similarity between the calling 
patterns of locals and refugees may be considered as a proxy 
of integration.  
For example, each refugee who is employed is supposed to 
have a daily routine (thus, a calling pattern) similar to the 
average calling pattern of the locals, since they are mostly 
employed [45]. In this context, the more a refugee's calling 
pattern CPr is similar to the average local's calling pattern 
LCP the more it is considered regular.   
We employ the cosine similarity (Eq. 2) to compare 2 
calling patterns due to its interpretability and robustness 
toward missing values [46], which commonly happen with 
sparse data such as CDR. Indeed, many refugees are 
characterized by a low number of phone calls. When those are 
also sporadic (i.e. happen only in a few hours of the day) the 
resulting calling pattern may be characterized by a number of 
missing values, which are ignored by the cosine similarity. 
This metric is defined between 0 (completely different calling 
pattern w.r.t. locals) and 1 (identical calling pattern w.r.t. 
locals). 
CR𝑟 =
CR𝑟∙ LCP
||CR𝑟|| ∙||LCP||
                              (2) 
 
Refugee's Mobility Similarity (MS). Refugees’ integration 
may result in sharing the same urban space at the same time 
with the host community [47] [48]. In order to measure such 
phenomenon by using call data we can collect the time and 
locations of each call occurred during the day to model the 
daily users' mobility. The similarity between refugees’ and 
locals’ mobility patterns can be computed by using the 
principle of stigmergy [49].  
Stigmergy is a self-organization mechanism used in social 
insect colonies [50].  Basically, individuals in the colony 
affect each other behavior by marking a shared environment 
with pheromones when a specific condition occurs (e.g. the 
presence of food). The pheromone marks aggregate with each 
other in the trail if they are subsequently deposited in 
proximity to each other, otherwise they evaporate and 
eventually disappear. Thus, areas in which the condition above 
(e.g. the presence of food) occurs consistently are marked with 
a stable pheromone trail, which steers the colony toward the 
source of food. This pheromone-like aggregation mechanism 
is reproduced by Computational Stigmergy to unfold 
consistent spatio-temporal patterns in data [51] which are 
summarized by the virtual pheromone (i.e. stigmergic) trail 
[52].  
By employing Computational Stigmergy, each call is 
transformed in a virtual pheromone mark and released in a 
virtual environment in correspondence to the call’s location 
and instant in time (Fig. 2c). Moreover, at each time instant, 
the trail is subject to an evaporation process, i.e. a temporal 
decay with rate δ (Fig. 2b). The evaporation can be 
counteracted only by aggregating (Fig. 2d) new marks, i.e. 
summing them up to the existing stigmergic trail and 
reinforcing it. In a nutshell, the trail appears and stays only in 
 
Fig. 1. Calling patterns in an average day. The figure represents the average 
number of calls for each hour, normalized with respect to the average 
number of call per hour. In orange we depict the average calling pattern of 
the locals, whereas in blue we present the calling pattern of one refugee. 
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correspondence of consistent marks depositing, i.e. spatio-
temporal dense patterns in the data, summarized by the trail 
itself [53]. Eq. 3 describes the trail at time instant i.  
 
T𝑖 = T𝑖−1 − δ + Marks𝑖                       (3) 
 
It follows that the virtual pheromone mark and the 
evaporation are the main components of the stigmergic 
mechanism. Indeed, (i) the mark’s width defines the proximity 
within two marks that can sum up with each other, meaning 
that two samples within this distance are considered in the 
same urban area, and (ii) the evaporation provides a memory 
mechanism to the stigmergic space as it results in the 
maximum time a mark can remain in the virtual space and 
contribute in building the trail. In our application context, each 
sample is transformed in a tridimensional mark that has the 
shape of a truncated cone (Fig. 2f), a width corresponding to 1 
km in the real world scenario, and an evaporation rate δ set to 
10%. 
In this work, we use the trail to model collective mobility 
patterns, thus we build the trail by employing the samples of a 
group of users, e.g. refugees with a given IL. By matching 
different trails (Fig. 2e), we provide a general similarity 
measure for those patterns. The similarity between stigmergic 
trails is obtained by using an extended version of the Jaccard 
similarity [54], aimed at comparing trails as the ratio of their 
intersection (minimum common volume) and union (surfaces’ 
maximum volume), as shown in Fig. 2f. This similarity is 
defined between 0 (completely different) and 1 (identical).  
Therefore, the mobility similarity (MS) of a group of 
refugees is defined as the Jaccard similarity of the stigmergic 
trail obtained with the samples of this group and the 
stigmergic trail obtained with an equally sized group of locals. 
For the sake of understandability, in Fig. 2f we summarize the 
phases of the mobility similarity (MS) computation with 2 
synthetic sequences of calls. We represent the trails (TA(4) and 
TB(4)) obtained from the deposit of 4 consecutive samples (A1, 
A2, A3, A4 and B1, B2, B3, B4) of the synthetic sequence (A 
and B), their intersection and their union, which are used to 
compute their similarity. In our investigation, the trails to 
match are the ones obtained with groups of refugees TR and 
locals TL (Eq. 4). As an example, in Fig. 3  we show the trails 
obtained with a group of locals and two different groups of 
refugees. For those, we report the resulting MS. 
 
MS𝑅,𝐿 =
|T𝑅⋂T𝐿|
|T𝑅⋃T𝐿|
                                 (4) 
IV. EXPERIMENTAL SETUP 
In this section, we detail the data used in this study, its 
selection and preprocessing, and the further metrics used in 
our analysis. 
A. Data description 
In this work we analyze three different CDR datasets [16] 
provided by Turk Telekom in the context of the research 
challenge Data4Refugee (D4R).  
 
 
Fig. 2.  Architecture based on Computational Stigmergy to measure the mobility similarity. Illustration of the samples processing modules (a-e), and its 
application to the comparison of 2 simple trajectories (f). 
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In order to provide the reader with some insights about each 
D4R dataset, we briefly present each one of them:  
a) The Fine Grain Mobility Dataset (FGMD) 
contains the antenna identifiers used by a group of 
randomly chosen users for each period of 2 weeks, 
for a total amount of 26 periods during 2017. This 
data has been anonymized by replacing the user 
number with a random ID, which prefix means 
refugee (i.e. 1), non-refugee (i.e. 2), and unknown 
(i.e. 3). In this dataset we can find, for each call, 
the caller id, the timestamp, the callee prefix, and 
the antenna id. Specifically, the call records 
collected in the dataset are linked to 600,000 
refugees' id, 2.770.000 locals’ id, and no 
“unknown” user's id. On the other hand, the 
number of calls toward refugees (locals) is about 
2,082,000 (149,238,000). Finally, the number of 
calls with a callee prefix of type “unknown” (i.e. 3) 
covers just 0.93% of the whole dataset and they are 
dropped from our analysis, as they can be 
considered as noisy data [16]. 
b) The Coarse Grain Mobility Dataset (GGMD) 
contains the calls details for a unique group of 
users throughout the whole year, but with a more 
coarse spatial granularity, i.e. the district. In this 
case there is not reference to the callee, while the 
caller can be identified as refugee or local 
according to the prefix of their caller id (same as 
FGMD). 
c) The Antenna Traffic Dataset (ATD) contains one 
year site-to-site traffic on an hourly basis. Each site 
is an antenna with known GPS location. 
Specifically, for each antenna there is a timestamp, 
the outgoing antenna, the incoming antenna, the 
total number of calls, the total number of refugees' 
calls, the total calls duration, and the total refugees' 
calls duration. 
These datasets can be exploited with different aims and 
according to different analysis features, such as the number of 
individuals (single or groups), the spatial granularity (antenna-
wise or district-wise) and the time window (daily, weekly, 
biweekly or monthly).  
As an example, the information in the FGMD can be used 
to define the mobility patterns of refugees and locals, or to 
assess the interactions (calls) of refugees and locals. Thus, this 
information can be used to compute the interaction level and 
the mobility similarity on a bi-weekly base. On the other hand, 
the information contained in the CGMD can be used for long-
term analysis (several months or year-round), and district-wise 
patterns, for analyzing the difference in call patterns. For this 
reason, the CGMD is employed for (i) the definition of 
additional district-wise metrics (section 4.B), and (ii) the 
computation of the calling regularity. It is worth noticing that 
both CGMD and FGMD are subjects to a selection process 
motivated and detailed in section 4.C. 
Finally, the data contained in the ATD are used to gain 
some knowledge about the spatial distribution of refugees and 
their calling activity, since this data takes into account the 
whole population of refugees at a community level. Based on 
this knowledge an additional metric is proposed in section 3.B. 
B. Additional metrics 
In order to validate our approach and have an even more 
complete view of the phenomenon of refugees’ integration, it 
is necessary to understand the circumstances that can foster or 
prevent their integration. For this purpose, we propose a 
further set of metrics focused on the analysis of those local 
characteristics (district-wise) that can influence the integration 
process, such as the cost of living, or the presence of other 
refugees in the same place. 
 
Residential Inclusion by District (RI): We assume that most 
of the calls during the night and early morning come from 
people's houses. Indeed, based on this assumption many works 
in the field of the CDR analysis infer the location of an 
individual's home as the place from which they mostly calls 
between 8 pm and 8 am [55] [56]. Thus, by observing the 
percentage of calls made by refugees (via the ATD dataset) 
between 8 pm and 8 am per antenna a ∈ d is possible to assess 
the coexistence of resident locals and refugees in a given 
district d and a given month m. This metric is defined (see Eq. 
5) between 0 (no resident refugees' in the district) and 1 (only 
resident refugees' in the district). 
 
 
Fig. 3. Example of mobility similarity computation with two groups of 
refugees with different IL. The samples (calls) of locals are subsequently 
aggregated and evaporated forming the trail that summarizes their collective 
mobility pattern in December 29, 2017. This procedure is repeated with each 
group of refugees. At the end the obtained trails are compared with the 
locals’ one. 
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RI𝑑,𝑚 =
|calls𝑎,𝑚(𝑅)| 𝑎∈𝑑 
|calls𝑎,𝑚(𝑅)+ calls𝑎,𝑚(𝐿)| 𝑎∈𝑑 
                  (5) 
 
District Attractiveness (DA): As for the assumptions used 
with the RI metric, a refugee resides in a given district and 
month if that district is the most recurrent location from which 
they make calls between 8 pm and 8 am. A district is 
considered attractive according to the percentage of resident 
refugees who are not leaving the district in that month, i.e. 
reside in the same district also in the next month. Specifically, 
given residentRefd,m i.e. the set of the refugees who live in the 
district d during the month m, the district attractiveness is 
defined by Eq. 6.  
 
𝐷𝐴𝑑,𝑚 =
|residentRef𝑑,𝑚 ⋂ residentRef𝑑,𝑚+1|
|residentRef𝑑,𝑚|
         (6) 
 
District Cost of Living: One of the main drivers of the social 
and economic integration of refugees is their employment 
condition. Unfortunately, it is not possible to have a clear 
picture of this, since they are often employed in the informal 
sector [57] [58]. However, it is possible to have some insights 
about this phenomenon by exploiting the characteristics of the 
location where refugees live. Indeed, depending on their 
economic well-being and the level of integration, refugees 
may choose different settlement solutions [59]. For example, 
only an individual who has enough economical resources (e.g. 
who has a job) can afford the cost of living in an area that 
offers better living conditions. On the other hand, those who 
are not integrated and/or not employed are more likely to be 
socially isolated and relegated to poor neighborhoods. For this 
reason our analysis addressing the socio-economical 
integration of refugees exploits the average rent cost per 
square meter in a given district in the year 2016 as an indicator 
of the cost of living for that specific district. The source of 
these data is a housing site that wants to remain anonymous. 
C. Data Selection 
Since our investigation includes an analysis of mobility and 
calling behavior, it is fundamental to focus on areas with (i) 
high calling activity made by refugees, i.e. avoiding regions 
with sparse or sporadic calls, which may result in 
unrepresentative behavioral models; and (ii) a good spatial 
resolution, which means high density of antennas, since the 
granularity of the mobility patterns is antenna-wise; indeed, in 
an area with few antennas all mobility patterns will be roughly 
similar; and (iii) an area with a great variety of living 
conditions (e.g. cost of living, services’ availability) in order 
to consider the settlement choice of each refugee according to 
their social integration and economic condition. This 
information (e.g. cost of living, services availability) are 
usually collected by district. Thus, the observation of the 
settlement choice over time requires focusing on an area with 
many different districts close to each other. This allows 
refugees to move from one district to another according to the 
change of their conditions over time. For instance, it is 
unlikely that a refugee who is prone to segregation resides in a 
district where no other refugees reside as well as it is unlikely 
that an unemployed refugee can live in a neighborhood with a 
high cost of living, as they may have problems in affording it. 
However, if such conditions happen to change over time the 
district where a given refugee lives may change accordingly. 
Therefore, we first aim at finding the areas with (i) high 
refugees’ calling activity, (ii) high density of antennas, and 
(iii) high number of districts covering different living 
conditions (e.g. cost of living). We analyze the total amount of 
calls (in seconds) made by refugees (Fig. 4), and the density of 
antennas (Fig. 5) with a spatial discretization of 10 km per 
squared areas over the whole Turkey by exploiting the ATD 
dataset. 
The cities of Istanbul, Ankara and Izmir are the most 
promising areas to conduct our analysis since they have the 
larger density of antennas and the larger calling activity made 
by refugees. This conclusion is also confirmed by the 
descriptive statistics of the D4R dataset provided in [16]. 
Moreover, Istanbul's metropolitan area consists of 69 districts 
[16] with a variety of different characteristics (e.g., different 
housing costs or job opportunities).  
Moreover, we adopt a few countermeasures to address a 
common problem with CDR data analysis, i.e. data sparsity 
[60] [61]. Firstly, we select only the individuals in the dataset 
with at least 2 samples (i.e. calls) on average per day. 
Secondly, we group individuals’ samples according to their 
integration level or time period. Specifically, in the mobility 
analysis, we group the samples of all users belonging to the 
same IL group, in this way we can use the samples of a 
number of users (thousands in Istanbul, see Fig. 9) to build 
collective mobility patterns. On the other hand, the 
individual’s calling pattern is built by using all the samples in 
a given time period, i.e. 14 days (with FGMD) and one month 
(with CGMD), since we model the distribution of the calls 
during the day rather than its change from day to day in the 
same time period. As a result, the number of samples used for 
a calling pattern is an order of magnitude higher than the 
average number of samples in a day, but this is insufficient 
compared to the improvements guaranteed with the mobility 
analysis. For this reason, we focused the analysis addressing 
the calling regularity on Istanbul, where the average amount 
of refugees with more than 2 calls per day is 10 times greater 
than in Ankara and Izmir. Moreover, we have data on the 
districts’ cost of living in Istanbul and therefore we can 
investigate the correlations between those and our metrics. 
 
 
Fig. 4. Cumulative duration of calls during 2017 for each squared area in 
Turkey. Squared areas are 10km x 10km and drawn from a grid that we 
overlay on the map. We have highlighted the location of three major cities 
(Istanbul, Izmir and Ankara). 
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Finally, in the analysis with DA, we consider the refugees who 
reside in Istanbul for at least half of the whole year, in order to 
mitigate the impact of the newcomers on the analysis. By 
excluding the districts in which none of the selected refugees 
is located, the total amount of districts analyzed in Istanbul is 
equal to 38. 
V. RESULTS 
In this section, we describe and discuss the findings of our 
analyses obtained by employing the metrics and the data 
presented in the previous sections.  
A. Calling regularity and interaction with locals 
In order to verify if the calling regularity can be used as an 
integration proxy, we analyze the relationship between it and 
the interaction level of each refugee in Istanbul. Specifically, 
we compute the Pearson correlation coefficient between the 
average calling regularity of the refugees in Istanbul and their 
interaction level in each of the 25 time periods. The 
distribution of the coefficients has the first, second and third 
quartiles equal to 0.76, 0.79, and 0.93, respectively. The 
resulting p-value has a 95% confidence interval equal to 
[0.06,0.25]. The interaction level and the calling regularity are 
positively correlated, providing us with the insight that 
refugees that exhibit greater interaction with locals may have 
also similar daily routines. This result confirms the findings in 
[43] and [44] and should be considered while designing the 
policies addressing refugees’ integration.  
B. Districts, inclusion and calling regularity   
We analyze the relationship between the district 
attractiveness, the residential inclusion and the calling 
regularity of the refugees in each district of Istanbul according 
to the cost of living in the district itself. 
Firstly, we focus on the relationship between the residential 
inclusion and the calling regularity. Thus, we compute the 
correlation coefficients between the average calling regularity 
of the refugees living in a given district during a given month 
and the residential inclusion of the same district in the same 
month. Their distribution has the first, second and third 
quartiles fall to 0.45, 0.55, and 0.66, respectively. We take into 
account each district analyzed in Istanbul (i.e. 38) during each 
month of 2017 (i.e. 12). The resulting p-value has a 95% 
confidence interval equal to [0.07,0.18].  
According to this result, the districts with higher residential 
inclusion may also be characterized by higher similarity 
between locals’ and refugees’ routines. This suggests that a 
minimum number of refugees per area is required for 
triggering the integration phenomenon, as suggested in [62].  
In Fig. 6 we show the distribution of the residential 
inclusion by month and district in order to understand better 
these magnitudes. It is evident that many districts have a low 
RI, thus depicting a scenario of minor coexistence of refugees 
and locals. Moreover, in the few districts (and months) with 
higher RI, its value never exceeds 50%. Thus, the more evenly 
distributed the residents (locals and refugees in an area) are, 
the greater the similarity between the routines of locals and 
refugees. 
Moreover, we study if there exists a correlation between the 
average DA and the cost of living of each district in Istanbul 
(Fig. 7). With a coefficient equal to -0.56 and a p-value of 
0.003, we conclude that DA and the cost of living are 
significantly and inversely correlated, which means that the 
cheaper is the cost of living the more attractive is a district for 
a refugee.  
 
Fig. 5. Number of antennas per squared area in Turkey. The bars’ height 
represents the number of antennas counted in each location. Locations are 
10km x 10km and drawn from a grid that we overlay on the map. We have 
highlighted the location of three major cities. 
 
  
 
Fig. 7. Correlation matrix obtained with the yearly DA and cost of living for 
each one of the 38 districts analyzed in Istanbul. The correlation coefficient 
is -0.56 and the p-value is 0.003. On the diagonal the distribution of the 
average RI and the cost of living, the others are the bivariate scatter plots. 
  
 
Fig. 6. Histogram of the distribution of RI per each month and district in 
Istanbul. 
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The results in the section 5.A show that the calling 
regularity can be considered a proxy for social integration. 
Moreover, as specified in section 3, the calling regularity can 
be linked to the employment of a refugee [63]. We can 
provide further insights in this context, by considering the 
characteristics of the location where refugees live [59]. Thus, 
we compute the correlation between the cost of living in each 
district in Istanbul and the average calling regularity of 
refugees living in that district (Fig. 8).  
With a correlation coefficient equals to 0.5 and a p-value 
equals to 0.003, the average calling regularity of refugees 
living in the district exhibits a significant and positive 
correlation with the cost of living in that district. This means 
that, although it may be influenced by some factors not 
detectable by the data under analysis, the calling regularity is 
a proxy for the daily routine similarity and for the economic 
capacity of refugees (i.e. the ability to meet a certain cost of 
living), thus it is a tool able to capture the necessary conditions 
occurring together with the employment of refugees. This 
metric offers great potential in the analysis of refugees’ 
integration, since having a job is one of the main steps in the 
integration process [64], but it is also hard to analyze it since 
the refugees' employment often happen in the informal sector 
[58]. 
This result is also confirmed by evaluating the correlation of 
the cost of living with the distances between calling patterns of 
locals and refugees, i.e. the opposite concept with respect to 
the calling regularity, which is based on their similarity. 
Indeed, according  to our results (Table I), as the distance 
increases, the district’s cost of living decreases. Moreover, our 
approach has proven to offer similar performances when 
compared against Dynamic Time Warping (DTW) [40] or 
Euclidean distance, two metrics widely used in time series 
analysis. 
Finally, since we are dealing with spatial variables, we 
account for biases due to potential spatial autocorrelation. In 
order to evaluate such occurrence, we employ a spatial 
regression model aimed at predicting the average calling 
regularity of an Istanbul's district by using as predictors the 
normalized district-wise metrics presented in section 4.B, and 
as weight matrix the districts' normalized distances. Such 
normalizations are made via a min-max procedure. 
Moreover, we analyze the beta coefficients of the spatial 
regression in order to gain insights into the relationship 
between the metrics and the average calling regularity. 
In this regard, the variables with the strongest correlation 
with the calling regularity are the district attractiveness and 
the cost of living. Both of them are characterized by a valuable 
statistical significance, which suggests how developing an 
economic capacity (e.g. being employed) and establishing a 
long-term residence provide the greatest contribution to the 
dynamics of integration. Moreover, by using this model we are 
able to provide a good approximation of the calling regularity, 
obtaining a Mean Square Error equal to 0.008. Finally, in 
order to assess potential misspecifications or biases in our 
model [65], we test if the achieved results and the residuals are 
spatially autocorrelated. According to the resulting Moran's I 
coefficients, we can assume that our study is robust toward the 
issues related to spatial autocorrelation. The above-discussed 
results are summarized in Table II. 
 
C. Mobility and Interaction with locals  
Another fundamental driver of integration can be the sharing 
of urban spaces with the locals [66]. However, its positive 
contribution in the integration dynamics is not obvious. 
Indeed, it can allow the progressive integration of refugees in 
the social structure of the hosting city; or, on the other hand, 
the shared urban areas may be not perceived as a safe space 
[67] thus leading to the occurrence of social tension in those 
areas. 
TABLE I 
CORRELATION DISTANCES BETWEEN LOCALS’ AND REFUGEES’ CALLING 
PATTERNS AND THE COST OF LIVING OF THEIR DISTRICT 
Distance  
Measure 
Correlation 
Coefficient 
p-value 
Euclidean -0.53 0.0015 
Cosine -0.50 0.0031 
DTW -0.53 0.0015 
 
 
TABLE II 
SPATIAL REGRESSION MODEL BETWEEN CALLING REGULARITY AND DISTRICT 
CHARACTERISTICS (I.E. COST OF LIVING, DISTRICT ATTRACTIVENESS, AND 
RESIDENTIAL INCLUSION). THE BETA COEFFICIENTS ARE REPORTED IN THE 
TABLE. *P<0.01, **P<0.001. 
Name Value 
β Cost of living 0.399** 
β District attractiveness 0.512** 
β Residential inclusion 0.148 
 
Mean Square Error 0.008 
Moran's I predicted CR(p-value) -0.056 (0.011) 
Moran's I regression residuals (p-value) -0.047 (0.071) 
 
 
 
Fig. 8. Correlation matrix obtained with the average CR in a district and the 
cost of living for each one of the 38 districts analyzed in Istanbul. On the 
diagonal the distribution of the average CR and cost of living, the others are 
the bivariate scatter plots. 
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In order to understand the contribution of sharing the same 
urban space with locals, we analyze the relationship between 
mobility similarity and interaction level on a daily basis. 
Specifically, we create the collective mobility patterns of the 
group of refugees with a given interaction level, i.e. the 
stigmergic trails obtained with all the samples of the people in 
that group. Then, we compute the mobility similarity with the 
collective mobility patterns obtained with an equally sized 
group of locals. Regarding the size of these groups, we 
highlight that the mobility similarity measure is sensitive to the 
number of individuals employed in the creation of the 
collective mobility patterns, i.e. the more the individuals the 
higher the likely to have more similar collective mobility 
patterns. In addition to this, the size of the group of individuals 
with a given interaction level varies significantly (Fig. 9).  
Thus, in order to have a fair comparison between the 
similarities computed with different groups, we set the size of 
each group as the minimum size among all the groups. Finally, 
we collect the Pearson correlation coefficients between the 
interaction level of each group and the resulting mobility 
similarity. We repeat this procedure multiple times by 
randomly subsampling the people for each group larger than 
the smallest one. In Fig. 10 we present the distribution of the 
obtained correlation coefficients by means of quartiles. In the 
3 cities analyzed the mobility similarity is strongly correlated 
with the interaction level. Indeed, the distributions of the 
resulting correlation coefficients have a median equal to 0.91 
in Istanbul, 0.82 in Ankara, and 0.92 in Izmir.  
The more the refugees have interactions with locals, the 
more they share urban spaces with the locals. This allows us to 
claim that sharing urban spaces is a positive factor in the 
dynamics of integration of refugees. Thus, the policies 
designed to improve refugees' integration should take into 
account mobility similarity to assess their impact. 
D. Integration and Social Tension  
 By considering the correlation with the interaction level 
shown in section 5.C, the mobility similarity can be considered 
a proxy of refugees’ integration. Thus, we exploit it to study 
the effects of the events that are certainly caused or can cause 
the disruption of refugees' integration: the occurrence of social 
tensions. In order to look for the features that characterize a 
social tension, it is necessary to start with few examples of 
publicly known social tensions. 
Specifically, we collect a set of such events and we compare 
the mobility similarity and interaction level in 2 weeks before 
and after each event. We have found a number of occurrence 
of such events by searching for them over the internet [68] 
[69] and exploiting a publicly available news collector, i.e. the 
GDELT Project [70]. The GDELT Project monitors the 
world's broadcast, print, and web news from all over the world 
and makes it possible to query them according to locations, 
subjects involved, and emotions. By querying for events 
involving refugees in Turkey, we were able to obtain a pool of 
potential events that we checked manually to select only the 
ones related to actual social tensions and police interventions. 
The final pool of events taken into consideration is displayed 
in Table III. 
Once these events have been identified, we study the impact 
of these social tensions by calculating the mobility similarity 
(with repeated trials according to the methodology described 
in the last section) and the percentage of calls made toward the 
locals, according to the interaction level of the refugees. These 
measures will be derived with data from different periods, by 
employing the FGMD. In order to make them comparable and 
highlight the fluctuations with respect to their average across 
different periods, a normalization with (i.e. divided by) their 
average amount per period is performed. Finally, we present 
the ratio between the mobility similarity and the percentage of 
calls in the two weeks before and after each event. If this ratio 
is greater than 1, it indicates that after the event the integration 
measure taken into consideration has decreased. As an 
 
Fig. 9. Number of refugees in Istanbul according to the interaction level. Fine 
Grain Mobility Dataset. Log scale. 
  
 
Fig. 10. Quartiles of the correlation coefficients between the mobility 
similarity and the interaction level of random groups (i.e. 5) of refugees with 
a given IL, over multiple (i.e. 5) trials. The p-value of the correlation 
coefficients have a 95% confidence interval equal to [0.004,0.01] in Istanbul, 
[0,0.091] in Ankara, and [0,0.64] in Izmir. 
  
TABLE III 
DATES AND LOCATIONS OF THE SOCIAL TENSION EVENTS 
Day Description Location Source 
March 6 
Syrians caught by 
the police 
Izmir [86] 
April 12 Terrorist Attack Istanbul [87] 
May 15 
Syrian Killed in a 
Brawl with locals 
Istanbul [88] 
May 16 
Clashes between 
Syrians and locals 
Istanbul [89] 
 
 
> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 
 
10 
example, in Fig. 11 we show the results obtained with the 
event of May 16 in Istanbul. 
It is apparent that the social tension affects the behavior of 
the refugees by reducing the amount of shared urban space 
with the locals (i.e. lowering the mobility similarity after the 
event). Moreover, in terms of calls made toward locals, the 
social tension event has a greater effect on the group of 
refugees with lower interaction level.  
Indeed, on average, they exhibit a lower percentage of calls 
made toward locals and a greater variability. Moreover, this 
trend is confirmed on every event we are taking into account, 
as shown in the aggregate results in Fig. 12. Indeed, the 
quartiles of the percentage of calls made toward locals are 
arranged as [0.55, 1.05, 1.41] with the refugees with the lower 
interaction level, whereas are [0.98, 0.99, 1] with the refugees 
with the greater interaction level. Moreover, the group of 
refugees with the lower interaction level exhibits the greatest 
decrease in mobility similarity after the social tension events. 
Indeed, the median of the distribution of the ratios obtained 
with the mobility similarity with the lower and greater 
interaction level are respectively 5.31 and 3, which means that 
the mobility similarity of the refugees with lower interaction 
level decreased 77% more with respect to the refugees with 
greater interaction level. Based on the obtained results, the 
proposed metrics seem able to capture the effect of a social 
tension and should be taken into account when addressing 
applications such as attempting to identify or measure the 
impact of social tension events. 
VI. DISCUSSION AND CONCLUSION 
In this work, we have proposed a set of metrics to assess the 
integration of Syrian refugees in Turkey, by considering the 
similarities with locals in terms of calling behavior and 
collective mobility. 
Specifically, we found that (i) both mobility similarity and 
calling regularity are positively correlated with the interaction 
level between refugees and locals, and have proved to offer 
great potential as measures of the integration related 
phenomenon with different applications, (ii) the calling 
regularity is also a proxy for refugee's economic capacity, 
which may imply refugee's employment, (iii) the mobility 
similarity is affected by events such as social tension, and 
finally (iv) the behavior of less integrated refugees appears to 
be significantly more affected by this kind of events. 
Yet, our findings may be limited by the representativeness 
of a behavioral model based on call data. Nowadays, there are 
many options for communicating other than calls, such as 
instant messaging platforms, e.g. WhatsApp [71]. Their usage 
may affect individuals’ calling behavior, e.g. resulting in just 
occasional calls (i.e. sparse data samples) [72]. This problem 
is extensively addressed in [73], in which authors study 
individuals’ social ties with CDR data. In this work, the 
authors acknowledge the goodness of call frequency as a 
metric for CDR data while advising caution in drawing 
conclusions, given that for example in their study several 
participants result to communicate almost exclusively using 
Facebook, whereas other participants extensively use email, 
Skype, or WhatsApp. Authors conclude that, even if a 
comprehensive behavioral model should consider those 
sources, including them may result in a titanic effort due to the 
following issue: (i) the increasing size and diversity of data to 
be analyzed as the number of communication channels 
continues to grow, (ii) each person may prefer different 
communication channels for different purposes, and switch 
between them according to fads or what it is used by their 
friends, (iii) linking individuals’ identities across multiple 
communication sources is non-trivial, error-prone, and 
privacy-invasive. In the light of the above, the results of our 
work should be considered as very important insights about 
social integration within the growing CDR-based literature 
rather an exhaustive model to represent the integration 
phenomenon as a whole. 
Still, our results can help drawing a few integration policy 
guidelines. Specifically, since the sharing of urban space with 
locals seems to be a valuable proxy for integration, policies 
that prevent the formation of ghettos and encourage the shared 
use of city areas should be considered in order to increase the 
integration. Moreover, an effective integration policy should 
address refugees’ employment, since currently refugees seem 
more attracted to the less expensive districts, confirming a low 
employment issue, whereas the refugees who have the 
economic capacity to live in a more expensive district is likely 
to be more integrated. Finally, we have also shown that the 
 
 
Fig. 11. Mobility similarity (left) and the percentage of calls made toward 
refugees (right): ratio between the values two weeks before and two weeks 
after the 16th of May in Istanbul. A ratio greater than 1 indicates that, after 
the event, the integration measure taken into consideration has decreased. 
The ratio is presented according to the IL of the group of refugees. 
  
 
 
Fig. 12. Mobility similarity (left) and the percentage of calls made toward 
refugees (right): ratio between the values two weeks before and two weeks 
after each social tension. If this ratio is greater than 1, it indicates that the 
integration measure taken into consideration has decreased after the event. 
The ratio is presented according to the IL of the group of refugees. 
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group of more integrated refugees is more likely to be 
unrelated to social disruptive phenomena such social tensions, 
confirming the benefits of greater integration, which are well 
known in the literature. 
Given the promising results obtained with these metrics, 
future work will focus on employing them (i) with datasets 
addressing other cities in order to further validate our results; 
and (ii) with a machine learning approach aimed at 
“nowcasting” the integration level of refugees [74], as it could 
result in a useful tool for policymakers. 
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